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The importance of the problems posed by Alzheimer’s
disease (AD) are well documented [1,2]. AD results in
significant loss of health and well-being for individuals
affected by the disease, their families and carers, and a
growing economic burden for those affected and for
health-care systems and society more broadly [3]. While
significant scientific developments have further informed
our understanding of AD (e.g., study by Hardy and Selkoe
[4], Guerrerio et al. [5]), treatment options are limited, and
we do not have a disease-modifying therapy (DMT). There
have been a series of disappointing reports in late-stageimer’s Association. This is an open access article under the CC BY-NC-ND
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dementia [6,7], but recently, we have also had reports of
encouraging clinical-trial findings where the focus for
research on DMTs has moved from AD dementia to the
predementia stages of the disease (e.g., study by Haeberlein
et al. [8]). Such findings have given rise to a cautious
optimism that a DMT may become available for AD in the
next few years [9].
A change in focus for therapeutic developments to earlier
stages of disease broadens the scope and likely time frame
for treatment. Against this setting, any future DMT for the
predementia stage of AD is expected to pose significant
economic challenges across all health-care systems
[10–12], and this lends greater weight to the importance
of research on the health policy context and the
economic framework associated with evaluation of theFig. 1. Schematic for AD model of disease progression. Abbreviatioimpact of AD on people’s lives and the potential impacts
of future DMTs.
In most health-care systems, it will be important to assess
the effectiveness and cost-effectiveness of any DMT for AD
over the longer term, beyond the initial trial time horizon.
Any such assessment will need to extrapolate from an
intermediate trial endpoint to predict impacts on longer
term policy relevant outcomes using a model-based
evaluative framework. In recent years, we have seen a
growth in the literature on the methods available to model
the progression of AD and dementia and the
cost-effectiveness of interventions [13,14]. The literature
has been characterized as comprising relatively simple
models, commonly considering only cognitive function,
and with a range of limitations [13,15]. There have been
numerous studies modeling from predementia stages ofns: MCI, mild cognitive impairment; AD, Alzheimer’s disease.
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remains a reliance on the use of cognitive function as the
main driver in the assessment of the impacts of AD and
the effectiveness and cost-effectiveness of intervention
strategies, and a disappointing lack of transparency on data
and methods used to model disease progression across AD
and the cost-effectiveness of interventions [13].
The aim in this study is to develop a decision-analytic
model able to estimate the cost-effectiveness of treatment
in the predementia stage of AD and to inform a health policy
decision-making context in a clear and transparent way. In
the following section, we present the initial development
of a model-based framework to address this aim and an
example of how it can be used to estimate the cost-
effectiveness of a future DMT in AD.2. Methods
2.1. Model overview
We develop an evaluative framework that models AD
progression from a predementia state into AD dementia
and over time through stages of dementia (see Fig. 1). Model
development is based on prior research (e.g., study by Green
and Zhang [22]), a strong understanding of the existing
methods and literature in this area [13,15,23,24], clinical
input, and consultation across a wide range of stakeholders
(e.g., via International Conference on Pharmacoeconomics
of Alzheimer’s disease [25,26]).
A key aim was to develop a model that is easily transfer-
able to a policy context. Therefore, the model applies the
Markov type framework commonly reported and used in a
decision-making setting. Consistent with the policy context
that motivates the research, the model is set out using a
cohort approach, modeling a specified group of people
across AD over time. The model uses a 1-year cycle length,
with half-cycle correction, over a 20-year time horizon that
reflects a lifetime perspective. We model progression from
predementia to AD dementia, using mild cognitive
impairment (MCI) due to AD [27] as the predementia state
of interest. In the first stage of the model, we predict progres-
sion (number of participants each year) from the state “MCI
due to AD” to the dementia stage of AD. We use dementia
health states that capture significant changes in one or
more of the multiple symptom domains of cognitive func-
tion, behavior and mood, and functional impairment. The
model includes a risk of moving from a community-based
dementia state to requiring nursing home care. We model
mortality risk at each time point, dependent on both age
and severity profiles. While relatively simple, the modeling
approach using these structural assumptions allows
characterization of AD progression, which is relatively
slow moving with significant change in symptoms typically
considered clinically over 6–12 monthly assessments. The
model is used in this study to represent disease progression
and to predict estimated costs and outcomes over time in adecision-analytic context, to demonstrate the use of the
model-based evaluative framework in a health policy
decision-making setting. In the following section, we
describe the main components of the model and the methods
used and illustrate the model in a health technology
assessment context.
2.2. Data
To describe progression through AD, we use data
(starting September 2005 up to data extraction at 31
January 2017) from the Uniform Data Set (UDS) from
the US National Alzheimer’s Coordinating Center
(NACC) [28,29]. The UDS contains data from more than
approximately 30 past and present US Alzheimer’s
Disease Centers (ADCs) on demographic, clinical, and
biological characteristics from participants with clinical
diagnoses of normal cognition, MCI, and dementia of
various etiologies, including AD. All ADCs enroll and
follow participants annually (approximately) and
provide pooled data for research through the
NACC. Diagnoses are assigned using clinical protocols
[30]. All analyses were undertaken using STATA version
15.1.
2.3. Predementia to dementia
We selected data from NACC on participants aged
60–89 years with an MCI diagnosis, where AD was reported
to be the primary or contributing cause of cognitive
impairment. Participants were included where data were
available on at least two assessments with the first having
a diagnosis of MCI due to AD, with participants having
that diagnosis either at entry to the database or at a later
assessment (i.e., participants known to the database before
diagnosis of MCI due to AD). Participants were included
if not living in an assisted environment or institution. We
identified data on 3553 participants (see summary details
in Table 1), of which 1418 experienced a diagnosis of AD
dementia over time. Mean (median) time to diagnosis of
AD dementia was 2.7 years (2.1 years), with maximum
follow-up time at 10.4 years. Using parametric survival
analysis methods, we derived the rate (hazard function) of
conversion from predementia to AD dementia diagnosis
over time in the cohort. The resulting Weibull hazard
distribution, with constant 21.53 (confidence interval:
21.61, 21.46) and shape parameter 0.76 (confidence
interval: 0.71, 0.81), was used to estimate the annual propor-
tion of participants converting from MCI due to AD to AD
dementia.We estimate a conversion rate of 19% over the first
12 months, 14% during year 2, reducing to rates of 8–9% per
year in later years (see detail in Supplementary Information,
S1). As a secondary analysis, we estimated rates of
conversion using age as a covariate, across 5-year age bands,
with findings showing small differences by age-band but not
markedly different from the aggregate estimates (see detail
in Supplementary Information, S1).
Table 1
Characteristics of data/sample used from NACC for data analyses (predementia, AD dementia, and AD dementia community dwelling)
Item Predementia (MCI due to AD)* n 5 3553 AD Dementiay n 5 4423 AD dementia Communityz n 5 4839
Age, mean (SD) 76 (7.2) 77 (7.4) 76 (7.3)
Female gender, n (%) 1816 (51) 2336 (53) 2527 (52)
Education (years), mean (SD) 16 (3.3) 15 (6.6) 14 (3.7)
Married, n (%) 2299 (65) 3058 (69) 3402 (70)
Living alone, n (%) 968 (27) 613 (14) 691 (14)
Diagnosed (MCI*/AD dementiay)
at entry to NACC, n (%)
1905 (54) 3593 (81) 3871 (80)
Etiology:
AD primary, n (%) 3338 (94) 4258 (96) 4561 (94)
AD contributing, n (%) 215 (6) 165 (4) 278 (6)
Abbreviations: NACC, National Alzheimer’s Coordinating Center (USA); AD, Alzheimer’s disease; MCI, mild cognitive impairment.
*Mild cognitive impairment due to Alzheimer’s disease.
yAlzheimer’s disease dementia.
zCommunity dwelling with data between baseline and follow-up, selection criteria less stringent than data used for transitions between AD dementia states.
Table 2
Descriptive system for AD: Definition by level of severity for each symptom
domain
Domain Severity level Label Definition
Cognitive function Mild [1] 21  MMSE  26
Moderate [2] 10  MMSE 20
Severe [3] 0  MMSE  9
Behavior & mood No problem/mild [1] NPI-Q: each item  1
Moderate [2] NPI-Q: each item 2;
with at least one
item equal to 2
Severe [3] NPI-Q: at least one
item equal to 3
Functional ability No problem/mild [1] 0  FAQ total  8
Moderate [2] 9  FAQ total  23
Severe [3] 24  FAQ total  30
Abbreviations: AD, Alzheimer’s disease; MMSE, Mini-Mental
State Examination; NPI-Q, neuropsychiatric inventory questionnaire;
FAQ, Functional Assessment Questionnaire.
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A multidomain descriptive system is used to describe
health states for AD dementia, capturing the three primary
symptom domains; cognitive function, behavior and mood,
and functional impairment. We use the Mini-Mental State
Examination (MMSE) [31], neuropsychiatric inventory
questionnaire (NPI-Q) [32], and the Functional Activities
Questionnaire (FAQ) [33] as measures for cognitive func-
tion, behavior and mood, and functional impairment. The
descriptive system has been described in detail elsewhere
[22]. A simple categorical approach is used to place impair-
ments on each of the domains into one of three severity
levels, covering no or mild problems, moderate problems,
or severe problems (see Table 2), consistent with the typical
interpretation of the rating scales used to assess symptomatic
problems in AD dementia [22]. The descriptive system used
to model progression through AD dementia places people
into one of 27 mutually exclusive health states, see Table 2.
AD dementia progression is modeled as transitions be-
tween the described states over time, using a 1-year time cy-
cle. To estimate transitions between the AD dementia health
states, we use data available from the NACC UDS on partic-
ipants with a diagnosis of AD dementia, an MMSE score of
26 or less, and continuous data collected over time on at least
two consecutive assessments. We included participants aged
60–89 years with a diagnosis of dementia with AD as the pri-
mary or contributing cause on entry to the dataset and also
those that were known to ADCs before having this diagnosis.
We identified 4423 participants that met inclusion criteria
with complete data (see Table 1).
Aligned to the descriptive system used in this study, we
use ordered probit regression methods [34] to estimate
transitions between health states (over 1-year time period).
Participants are described using the categorical ordered
levels for each of the three symptom domains and assigned
to one of the 27 mutually exclusive health state descriptions,
and we predict the future (next time period) health state
based on the current health state description. In the ordered
probit regression, a latent variable determines the predictedlevel for each symptom domain, either level 1, 2, or 3, and is
based on the health state description across each of the three
domains, cognition, behavior/mood, and function, in the
preceding time period (see equation 1).
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Where P is probability of being in state i (level 1-3) for each
of y outcomes (domains for cognitive function, behavior, and
function) conditional on description/status in prior time
period (xj), where k reflects cut-points from the ordered
probit, b reflects the vector of coefficients for explanatory
variables (symptom domains by level/severity), f reflects
the cumulative normal distribution, for individual j.
Three probit regression equations are used, one for each
of the symptom domains (cognition, behavior/mood, and
function), and these are combined (see equation 2) to predict
the probability of transitions across the health state
descriptive system.
PðstateiÞ5 Pðcognitioni2nÞ Pðbehaviori2nÞ Pðfunctioni2nÞ
(2)
Table 3
Transition probability matrix for AD dementia states* (derived using ordered probit regression methods)
To State: COG 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2 3 3 3 3 3 3 3 3 3
BEHAV 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
FUNC 1 1 1 2 2 2 3 3 3 1 1 1 2 2 2 3 3 3 1 1 1 2 2 2 3 3 3
From State:
COG BEHAV FUNC
1 1 1 0.22 0.06 0.01 0.35 0.10 0.02 0.02 0.00 0.00 0.06 0.02 0.00 0.10 0.03 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1 2 1 0.12 0.09 0.03 0.25 0.18 0.07 0.02 0.01 0.00 0.04 0.03 0.01 0.07 0.05 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1 3 1 0.07 0.09 0.06 0.16 0.21 0.14 0.01 0.02 0.01 0.02 0.03 0.02 0.04 0.06 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1 1 2 0.02 0.01 0.00 0.29 0.12 0.03 0.12 0.05 0.01 0.01 0.00 0.00 0.15 0.06 0.02 0.06 0.03 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1 2 2 0.01 0.01 0.00 0.17 0.16 0.08 0.09 0.09 0.04 0.01 0.01 0.00 0.09 0.08 0.04 0.05 0.05 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1 3 2 0.00 0.01 0.01 0.09 0.16 0.15 0.06 0.10 0.09 0.00 0.00 0.00 0.05 0.08 0.07 0.03 0.05 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1 1 3 0.00 0.00 0.00 0.05 0.03 0.01 0.24 0.12 0.04 0.00 0.00 0.00 0.05 0.03 0.01 0.23 0.12 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00
1 2 3 0.00 0.00 0.00 0.02 0.03 0.02 0.14 0.17 0.10 0.00 0.00 0.00 0.03 0.03 0.02 0.14 0.17 0.11 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.01
1 3 3 0.00 0.00 0.00 0.01 0.03 0.03 0.08 0.17 0.19 0.00 0.00 0.00 0.01 0.02 0.03 0.07 0.16 0.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01
2 1 1 0.04 0.01 0.00 0.13 0.04 0.01 0.02 0.01 0.00 0.10 0.03 0.01 0.33 0.11 0.02 0.04 0.01 0.00 0.01 0.00 0.00 0.04 0.01 0.00 0.01 0.00 0.00
2 2 1 0.02 0.02 0.01 0.09 0.07 0.03 0.01 0.01 0.00 0.05 0.04 0.02 0.22 0.18 0.08 0.03 0.03 0.01 0.01 0.01 0.00 0.03 0.02 0.01 0.00 0.00 0.00
2 3 1 0.01 0.02 0.01 0.06 0.08 0.06 0.01 0.01 0.01 0.03 0.04 0.03 0.13 0.19 0.15 0.02 0.03 0.02 0.00 0.00 0.00 0.02 0.02 0.02 0.00 0.00 0.00
2 1 2 0.00 0.00 0.00 0.05 0.02 0.01 0.05 0.02 0.01 0.01 0.00 0.00 0.22 0.10 0.03 0.20 0.09 0.03 0.00 0.00 0.00 0.05 0.02 0.01 0.05 0.02 0.01
2 2 2 0.00 0.00 0.00 0.03 0.03 0.02 0.03 0.03 0.02 0.00 0.00 0.00 0.12 0.13 0.07 0.13 0.15 0.08 0.00 0.00 0.00 0.03 0.03 0.02 0.03 0.03 0.02
2 3 2 0.00 0.00 0.00 0.01 0.03 0.03 0.02 0.04 0.04 0.00 0.00 0.00 0.06 0.12 0.12 0.08 0.15 0.16 0.00 0.00 0.00 0.01 0.03 0.03 0.02 0.03 0.03
2 1 3 0.00 0.00 0.00 0.00 0.00 0.00 0.04 0.02 0.01 0.00 0.00 0.00 0.03 0.02 0.01 0.32 0.20 0.07 0.00 0.00 0.00 0.01 0.01 0.00 0.14 0.09 0.03
2 2 3 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.03 0.02 0.00 0.00 0.00 0.01 0.02 0.01 0.18 0.24 0.17 0.00 0.00 0.00 0.01 0.01 0.01 0.08 0.11 0.08
2 3 3 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.03 0.04 0.00 0.00 0.00 0.01 0.01 0.02 0.09 0.23 0.29 0.00 0.00 0.00 0.00 0.01 0.01 0.04 0.09 0.12
3 1 1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.08 0.03 0.01 0.03 0.01 0.00 0.03 0.01 0.00 0.37 0.15 0.04 0.14 0.06 0.01
3 2 1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.04 0.02 0.02 0.02 0.01 0.02 0.01 0.01 0.22 0.21 0.11 0.10 0.10 0.05
3 3 1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.05 0.04 0.01 0.02 0.02 0.01 0.01 0.01 0.12 0.21 0.19 0.06 0.11 0.10
3 1 2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.04 0.02 0.01 0.00 0.00 0.00 0.13 0.08 0.02 0.38 0.22 0.07
3 2 2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.01 0.02 0.03 0.02 0.00 0.00 0.00 0.06 0.08 0.05 0.23 0.29 0.20
3 3 2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.01 0.03 0.04 0.00 0.00 0.00 0.03 0.06 0.08 0.12 0.27 0.34
3 1 3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.02 0.01 0.00 0.00 0.00 0.01 0.01 0.00 0.46 0.34 0.14
3 2 3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.02 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.24 0.39 0.32
3 3 3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.02 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.32 0.51
Abbreviations: COG, cognitive function, level 1-3 (using MMSE categories); BEHAV, behavior/mood, level 1-3 (using NPI-Q categories); FUNC, function, level 1-3 (using FAQ categories).
Note: Table data inputs rounded up to two decimal places, see Supplementary Material for more detail.
*See Table 2 for detail on AD dementia descriptive system.
C
.
G
reen
et
a
l.
/
A
lzh
eim
er’s
&
D
em
en
tia
1
5
(2
0
1
9
)
1
3
0
9
-1
3
2
1
1
3
1
3
Table 4
Model and CEA inputs/parameters
Parameter Input Source
Starting age (years) 75 Assumption
All-cause mortality
(population) by age
by age US data/Life tables 2013
[35]
RR of death by AD
dementia severity:
Andersen et al. [38]
Mild 2.92
Moderate 3.85
Severe 9.52
Probability/transition rate
from MCI to AD
dementia
- See analysis; NACC data
Probability/transition rate
across AD dementia
states
- See analysis; NACC data
Costs of care (per year):
MCI $13,364 Assumption, 50% of mild
cost*
Mild $26,727 Gustavsson et al., 2011y
[39]
Moderate $31,644 Gustavsson et al., 2011y
[39]
Severe $40,645 Gustavsson et al., 2011y
[39]
Institution-mild/
moderate
$111,902 Gustavsson et al., 2011y
[39]
Institution-severe $113,523 Gustavsson et al., 2011y
[39]
Effectiveness (future
DMT), relative risk
0.80 Assumption (reflecting
reduction in risk of
20%)
Treatment cost
(hypothetical DMT) pa
$5000 Assumption
Treatment duration
(years), MCI
5 Assumption
Health state values/
utilities:
Neumann et al. [40]z
MCI 0.73
Mild 0.69
Moderate 0.53
Severe 0.38
Discount rate future costs
and outcomes, pa
3% Assumption (rate
applicable to USA)
Abbreviations: AD, Alzheimer’s disease; CEA, cost-effectiveness
analysis; RR, relative risk; MCI, mild cognitive impairment; DMT, disease
modifying therapy; CDR, clinical dementia rating.
*Support for this assumption comes from studies reported by Darba et al.
[41] and Jonsson et al. [42] where estimated costs associated with time in
MCI were in the region of 50-60% of the costs for mild AD.
yCosts uprated from 2007 US $ to 2017 US $, costs include informal care
and productivity loss costs.
zHealth state values against severity stages using the global CDR scale
staging [43].
C. Green et al. / Alzheimer’s & Dementia 15 (2019) 1309-13211314Where probability (P) of being in multidomain state
i (i 5 states1-27) is a product of being in each of the levels
by symptom domain (i-n 5 level1-3); see detail in
Supplementary Information, S2.
We derive a transition matrix (27 ! 27) across the
multidomain descriptive system for AD dementia (see
Table 3) and use the predicted transition probabilities tomodel progression over time in AD dementia. As people
transition from MCI to AD dementia, their starting
(landing) state in the dementia descriptive system is
determined using the empirical distribution observed in the
NACC data for people converting to dementia. The
empirical distribution of landing states, from those
converting to dementia with complete multidomain
symptom data (n 5 760), locates 71% of AD dementia
diagnoses in mild starting states (i.e., states 111, 112, 121,
and 122), with the remainder in moderate severity states,
see Supplementary Detail (S2). We assume all new diagno-
ses of AD dementia are in a community (noninstitutional)
setting.2.5. Community versus institution (AD dementia states)
When people are in AD dementia states, they have a risk
of moving from a community setting to being located in an
institutional setting. We estimate the risk of moving to an
institutional setting using NACC data on 4839 participants
with a diagnosis of dementia due to AD (primary cause
94%; contributing cause 6%); of these, a total of 638
(13%) moved to an institutional setting in the follow-up
data. With this data, we use a parametric survival (time to
event) analysis to estimate the proportion of participants
moving into an institutional setting (categorized in NACC
as assisted environment or institutionalization). We use an
exponential hazard function, consistent with the application
of a constant rate in a decision-analytic model, with
symptom-domain descriptions (cognition, behavior/mood,
function) as time-dependent covariates. We find all
covariates are statistically significant (P , .05) and predict
an overall annual transition of circa 5% from AD dementia
states in the community to an institutional setting;
transitions stratified by severity categories of mild,
moderate, and severe, at annual rates of 1.4%–3.8%,
1.8%–9.2%, and 2.0%–14.3%, respectively, see
Supplementary Detail (S3).2.6. Mortality
Mortality data is a key input to any AD progression
model. We consider mortality as a decision-analytic input,
likely to be context (e.g., country) specific in future
economic evaluations, and therefore, we have not estimated
mortality within the disease progression model. As a
decision-analytic input, future users of the model are able
to insert analysis-specific data/model inputs. In this study,
we use age-specific mortality rates at each time point to
operationalize the model, using population data on
age-specific all-cause mortality (for USA [35] in our initial
presentation). As evidence indicates that mortality rates
are higher in more severe stages of disease [36,37], we
apply relative risks (hazard rates) to this data to reflect the
expected differences in mortality according to disease
severity [38], see Table 4.
Fig. 2. Profile across AD stages by group (predicted time/years in each stage). Abbreviations: CTRL, control/usual care; TREAT, treated with hypothetical
DMT; MCI, mild cognitive impairment; AD, Alzheimer’s disease; DEM, dementia.
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Fig. 3. Cohort profile over time by disease severity/stage. Abbreviations: Tx, Treatment scenario; MCI, mild cognitive impairment (due to AD).
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Table 5
Cost-effectiveness analysis results and sensitivity analyses (SA1-SA10)
Scenario LE (mean) Costs, $ (mean) QALYs (mean) Incremental costs $ (mean) Incremental QALYs (mean) ICER $
Base case:
Usual care 7.14 160,029 4.86
DMT 7.39 171,360 5.08 11,330 0.224 50,542
SA1: no discounting
Usual care 8.19 187,315 5.56
DMT 8.53 199,558 5.85 12,243 0.287 42,607
SA2: Start aged 70 years
Usual care 8.48 213,281 5.66
DMT 8.75 222,306 5.91 9024 0.254 35,503
SA3: Effectiveness, 40% reduction in risk of AD dementia*
Usual Care 7.14 160,029 4.86
DMT 7.67 168,290 5.33 8261 0.471 17,552
SA4: Cohort reflects higher risk MCI group (i.e., year 1 conversion, 27.5% for controls)
Usual care 6.93 163,442 4.68
DMT 7.21 173,290 4.93 9848 0.250 39,347
SA5: Mortality ratey is state dependent (MCI, mild, mod, and severe; 3%,5.5%, 21.5%, 48% pa, respectively)
Usual care 8.28 198,014 5.59
DMT 8.65 211,804 5.89 13,790 0.302 45,691
SA6: Mortality rate is flat rate of 10% pa for all states/time pointsz
Usual care 7.02 225,572 4.46
DMT 7.02 223,587 4.53 (-1984) 0.075 Dominant
SA7: DMT cost at $10,000 per year
Usual care 7.14 160,029 4.86
DMT 7.39 186,501 5.08 26,472 0.224 118,084
SA8: DMT cost at $10,000 per year and effectiveness at 40% reduction in risk of AD dementia
Usual care 7.14 160,029 4.86
DMT 7.67 184,516 5.33 24,487 0.471 52,029
SA9: Cost per year in each stage (MCI, mild, moderate, and severe) excludes informal care and related costs
Usual care 7.14 87,402 4.86
DMT 7.39 99,301 5.08 11,899 0.224 53,079
SA10: Cost per year in MCI state at $6682 (25% of mild dementia cost)
Usual care 7.14 129,142 4.86
DMT 7.39 137,076 5.08 7934 0.224 35,392
Abbreviations: LE, Life expectancy; QALYs, quality-adjusted life years; ICER, incremental cost per QALY; DMT, disease modifying therapy; SA, sensitivity
analysis.
*In this scenario (relative risk: 0.6; reduction in risk of 40%), for every 100 people starting in MCI in the treatment cohort (year 1), there are 85.7 people that
remain in MCI, versus 81.9 people when the reduction in risk is 20%, and versus 78.1 people in MCI (year 1) in the usual care cohort.
yMortality rates for AD dementia in this study are from Spackman et a1 [45]; Mortality rate for MCI reflects reported all-cause population mortality rate for
age 75 [35].
zAlso dominant at flat mortality rate of 5% pa.
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Alongside key structural components and data inputs for
the model, in any evaluation, other key data inputs will be
required for health state costs, intervention costs, health state
values (to estimate quality-adjusted life years [QALY]), and
data on effectiveness of interventions. In addition, inputs to
the economic evaluation will also be required to reflect
discounting of future costs and outcomes (where applicable)
and a statement on perspective for the research question
being addressed.
The modeling framework provides flexible input options
for all these decision-analytic inputs. We present an example
of an economic evaluation for a hypothetical intervention,
using a US context, to demonstrate the potential use of the
modeling framework. Data inputs for costs and health state
values are from literature generalizable to the US context.
Table 4 presents the decision-analytic inputs used for thecost-effectiveness analyses (CEA) presented in the following
section and other base case data inputs and parameters.3. Cost-effectiveness analysis: Early intervention in
predementia
In this exemplar analysis, we assume an intervention is
available for the treatment of people with MCI due to AD
and that it is effective at reducing the rate of conversion
from MCI due to AD (predementia) to the AD dementia
stage of the disease, compared with usual care. This
effectiveness assumption refers only to those people in the
predementia state who are expected to benefit from a
hypothetical treatment scenario. We use an assumed
effectiveness parameter (i.e., model input to reduce the
rate of conversion from predementia to dementia), using a
relative risk of 0.8, when estimating the rate of conversion
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cated to a hypothetical treatment scenario. We use the
decision-analytic model-based framework presented in this
study to estimate the incremental cost per QALY associated
with the intervention versus usual care.
We use a starting cohort of people aged 75 years withMCI
due to AD. We assume a treatment cost of $5000 (USD) per
person per year for treatment in MCI due to AD for up to 5
years. When transitioning from MCI to AD dementia,
treatment is discontinued. We use data from the study by
Neumann et al. [40] on health state values associated with
severity staging of AD across clinical dementia rating stages
of questionable, mild, moderate, and severe. We use US data
on resource use and costs per year from the study by
Gustavsson et al. [39], who report data for mild, moderate,
and severe AD, and separate estimates for those in an
institutional setting. Data from the study by Gustavsson
et al. [39] are reflected in US dollars uprated to 2017 costs
(using US personal consumption expenditure health index
[44]).4. Results
The disease progression component of the model, using
base case inputs, predicts a mean life expectancy for controls
at 7.70 years, before use of a half-cycle correction and before
discounting of future life years, which comprises 4.75 years
in MCI, 2.61 years with AD dementia in a community
setting (0.94 years, mild; 1.27 years, moderate; and
0.40 years, severe states), and 0.35 years with AD dementia
in an institutional setting (0.03 years, mild; 0.18 years,
moderate; and 0.14 years, severe states). For the treated
cohort, the comparative mean life expectancy is 8.04 years,
comprising 5.35 years in MCI, 2.38 years with AD dementia
in a community setting (0.87 years, mild; 1.15 years,
moderate; and 0.36 years, severe states), and 0.30 years
with AD dementia in an institutional setting (0.03 years,
mild; 0.16 years, moderate; 0.12 years, severe states), see
summary in Fig. 2. When adjusting for half-cycle correction
(i.e., events occur midpoint of each 1-year cycle) and
discounting future life years, the mean life expectancy
predicted for usual care and treatment are 7.14 years and
7.39 years, respectively.
The survival rate after 5 years and 10 years is 73% and
32%, respectively, in the control cohort, and 75% and
36%, respectively, in the treated cohort. At 5 years
(60 months) and 10 years (120 months), the proportion of
the control cohort still in the MCI due to AD state is 40%
and 17%, respectively, and for the treated cohort, it is 46%
and 20%, respectively.
Fig. 3 presents the cohort profile by disease stage over
time. When considering the treatment scenario, we see a
greater proportion of time spent in MCI and less time in
each of the AD dementia stages. Profiles for each of the
symptom domains show a similar pattern, with less timespent in each of the more severe levels for each of the three
symptom domains (see Supplementary Material, S4).
Table 5 presents result for the CEA. Using base case
assumptions, the estimated cost per QALY gained for
treatment versus usual care is $50,542. In sensitivity analysis
(SA), when modeling for a cohort with a starting age of 70
years, with all other base case inputs, this scenario (SA2)
provides an opportunity to capture greater benefits from
treatment, with a cost per QALY gained at $35,503.
When assuming a larger treatment effect with a 40%
reduction (i.e., relative risk: 0.6) in transitions to AD
dementia (SA3), the cost per QALY reduces to $17,552.
Assuming a MCI cohort with a higher risk of conversion
to AD dementia (SA4), as expected for amnestic MCI,
with risk of conversion adjusted to reflect a 27.5% risk of
conversion in year 1 (with rates similar to base case
thereafter), we find a relatively modest change in the cost
per QALY, to $39,347, with the relative differences in
numbers converting to AD dementia between control and
treatment groups being similar (to base case) regardless of
the higher absolute levels of risk (conversion to AD
dementia). In further sensitivity analyses, we find that the
cost per QALY estimate is sensitive to inputs for mortality
data, treatment cost, and costs associated with time spent
in the MCI state (Table 5).5. Discussion
The change in focus for the development of DMTs from
dementia states to the predementia stage of AD implies, in
the absence of the identification of high-risk groups, treating
a large “at risk” population of which only a subset would
progress over time to dementia. However, against this
potentially expensive evaluative setting, we find that when
modeling a treatment scenario, there is a clear and unambig-
uous potential benefit from treatment, with extended time in
the predementia health state and a reduction in time spent in
all future AD dementia states, regardless of disease severity.
When comparing a DMT costing $5000 per year with
usual care, we find cost-effectiveness estimates to be in the
region of what may be considered value for money [46]
when applying relatively modest base case assumptions on
treatment effectiveness. Although we are unable to antici-
pate the magnitude of the effectiveness of any future
DMT, we suggest the estimate used could be reasonably
considered as modest and, therefore, a conservative
approach in our model-based assessment. That is, when
applying the model to a cohort of people with MCI due to
AD aged 75 years (assuming 20% reduction in the risk),
we predict that for every 100 people with MCI due to AD,
therewill be 15 people in a treated scenario, versus 19 people
in usual care, that will experience a diagnosis of AD
dementia in the first year of the model. This difference of
four people in year 1, reduces to 1.4 people in year two,
and 0.5 people in year three, decreasing thereafter. We do
acknowledge that effectiveness in this study is aligned to
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to AD dementia), and anyDMTmay deliver broader benefits
to people with AD related to improvements in the way they
experience the impacts of cognitive decline.
Sensitivity analysis indicates areas where cost per QALY
estimates are sensitive to model inputs and assumptions.
Ours is a relatively simple modeling framework, with a num-
ber of current limitations, as discussed in the following sec-
tion, but the presentation in this study is not focused
principally on the estimates of cost per QALY reported,
which reflect an example of a future application of the
modeling framework. Primarily, we consider this modeling
framework a core contribution to the literature in this area,
and we see its potential impact as providing a common
starting position for the development of a more complex
framework and from which the field can start to engage
more widely, across a range of partners and collaborations,
to move forward the methods available to support a goal
of rapid access to effective and cost-effective future DMTs
in AD.
We present a fully transparent model-based framework
and make this available in an open-access format (see
Supplementary Material). It is currently difficult to
benchmark our model performance and outputs against other
methods because there is an absence of detail in many
previously published modeling studies. For example, the
study by Budd et al. [17] uses a similar model structure,
including similar mortality data for a US analysis, reporting
what we interpret as a life expectancy of 5.75 years (starting
age 75 years) comprising 3.19 years in MCI or mild AD
dementia and 2.56 years in moderate or severe AD dementia
(in a usual care cohort). Data presented do not permit a more
detailed comparison. Our results predict a longer life
expectancy and a greater proportion of time in the MCI or
mild AD states and a lesser time spent in moderate and
severe AD dementia states combined. The analysis in the
study by Budd et al. [17] is unclear on data inputs for disease
progression, but rates of conversion from MCI to AD were
based on data drawn from an amnestic biomarker confirmed
MCI sample, with rates for this group known to be higher
than relying on clinical assessment only. It also uses AD
dementia transition probabilities derived from a relatively
small randomized controlled trial evaluating donepezil
over a 6-month follow-up [47], with transition probabilities
reported between stages for AD dementia defined using
MMSE categories [48]. This combination of inputs from
the study by Budd et al. [17] most likely results in a more
rapid transition across stages of disease severity and related
increases in mortality risk. Importantly, the study by Budd
et al. [17] reports a similar result to that found in this study
when considering a hypothetical treatment scenario, finding
a reduction in time spent across all stages of dementia
severity and a greater amount of time spent in the
predementia stage of AD. Other studies have described
modeling across predementia into and across AD dementia
stages, but in most of these studies, data inputs and resultsare not reported in a way that provides a basis for
comparison. For example, with studies putting a focus on
reporting of estimated costs and QALYs rather than
disaggregated data on profile of disease progression [18,19].
In a recent contribution to the literature, the study by
Davis et al. [49] presents a modeling framework using data
from NACC and structured from predementia states into
and across AD dementia, as characterized by the global
clinical dementia ratings scale staging [43], with findings
supporting those presented in this study, showing early
intervention in predementia stages is likely to reduce mean
time in all the more severe stages of AD dementia.
In addition to the use of parametric estimation of transition
probabilities using the ordered probit approach, we also
determine transitions using the data observed in the sample
(n 5 4974) using a 1-year time period. This approach
is consistent with the approach previously described and
presented in the study by Green and Zhang [22]. We compare
the results for the parametric methods and nonparametric
approach and find no marked differences (see
Supplementary Information, S3). The parametric approach
allows future development of transition probabilities, where
additional covariates can be introduced for characteristics
such as age and may be best suited for development of an
individual participant level simulation model.
The model presented has several limitations. It uses only
one health state for predementia, assuming a common rate of
conversion to AD dementia, based on the estimates derived
from the NACC data. Future planned development of the
model will incorporate additional stages of AD progression,
capturing the stage(s) from preclinical to prodromal AD or
MCI, before the progression of AD into the dementia stages,
including consideration of subjective cognitive decline [50]
between asymptomatic preclinical AD and the onset of AD
symptoms. We will also seek to incorporate different risk
groups within and across preclinical and predementia states,
for example, those with specific genetic and biomarker
profiles [51], where data are available.
The model uses a 1-year cycle length which may not fully
capture disease activity and differences in costs and effects,
and we will explore alternative options in future model
development. The model uses a multidomain approach to
describe dementia states, which we believe to be important.
However, data currently available to populate the model
(i.e., mortality data by disease severity, data on health state
utility values and costs) is not able to fully reflect the
description of AD dementia used (across the multiple
domains), therefore, we have had to apply data inputs for
broad categories of disease severity (mild, moderate, and
severe), and this approach may not fully reflect the potential
benefits of the model structure. We have also used these
broad severity categories to describe disease progression
and results, to articulate the nature of the predicted time
across stages of AD.
The CEA undertaken does not include assessment of
uncertainty in parameter inputs, or structural assumptions,
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presented. Future developments will involve a more
detailed demonstration of the modeling framework,
alongside decision-analytic inputs able to undertake and
present analysis of uncertainty, for example, using
probabilistic sensitivity analyses [52]. Furthermore, our
model does not consider the potential impact on caregiver
quality of life or other outcomes that may be considered
important when assessing the value of future DMTs. A
challenge for all models in this area is on the
demonstration of external validity [13], which remains an
important but difficult part of model development in the
AD context and not addressed in this study. We make the
model available in a fully transparent format, and
verification (internal validity, internal consistency checks)
has been part of the model development process. The
face validity of the model has been supported via input
from clinical and policy holder perspectives and via
feedback across the AD modeling community [26],
however, the absence of appropriate methods and data to
assess external validity remains a limitation with the
model.
The NACC UDS is a valuable resource for the AD
research community, with a large sample available and clin-
ical protocols followed for diagnosis and for follow-up data.
However, we acknowledge that there may be limitations
linked to the generalizability of the sample used in this study.
Sample characteristics indicate a broadly representative
sample of people with a diagnosis of AD dementia, but
readers are advised to consider generalizability in specific
applications of the model. In future, effectiveness data for
DMTs are likely to be drawn from trials where participants
are considered at high risk of AD dementia, with biomarker
and/or imaging support for their AD pathophysiology. These
factors should be taken into account in future model devel-
opment and in future economic analyses.
One of the key challenges when assessing cost-
effectiveness of future DMTs for AD will be modeling
from intermediate trial endpoints (primary trial outcomes),
such as ADCS-PACC [53] or ADCOMS [54], to policy rele-
vant outcomes, such as time to diagnosis of AD dementia
from MCI, as used in the present model. In this study, we
have not considered this challenge, and we are unable to
inform on that aspect of health technology assessment at
the present time. However, we do acknowledge this as a
challenge for those developing DMTs and believe our model
provides a further motivation for the development of robust
research to demonstrate the relationship associated with trial
endpoints to satisfy the health policy and reimbursement re-
quirements of health technology assessment agencies.6. Conclusions
The model-based evaluation framework presented in
this study contributes to the methods available to predict
disease progression across AD and to estimate thecost-effectiveness of DMTs for people with MCI due to
AD. Future DMTs targeting the predementia stages of
AD are likely to result in increases in life expectancy
through reduced exposure to higher mortality rates when
in AD dementia stages, with additional time spent in prede-
mentia and not in the later AD dementia stages of the dis-
ease. However, because of the prevention context and the
treatment of a relatively large at risk group of people, in
many policy settings, it will be important to assess costs
relative to health gains, and in high cost scenarios, it will
be important to seek out ways to identify people at greater
risk of conversion to AD dementia among those with an
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1. Systematic Review: Recent literature reviews have
identified model-based economic evaluation frame-
works for Alzheimer’s disease (AD), however, all
have limitations, and further research is needed to
support the health policy context.
2. Interpretation: We present a fully transparent
approach to model AD progression from predemen-
tia into and across AD dementia stages and to assess
the cost-effectiveness of future disease-modifying
therapies (DMTs). Our model is the first to be
made open-access in AD. Results indicate that a
future DMT for mild cognitive impairment is ex-
pected to extend time in predementia, reduce time
spent in AD dementia states, and result in modest
increases in life expectancy. Corresponding health
gains and reductions in required care make it feasible
for a future DMT (dependent on its purchase costs) to
demonstrate value for money in health technology
assessment settings.
3. Future Directions: We aim to further develop the
model-based decision-analytic framework pre-
sented, to include translation of trial endpoints into
policy relevant outcomes.
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